Abstract: Accurate terrestrial water storage (TWS) estimation is important to evaluate the situation of the water resources over the Yangtze River Basin (YRB). This study exploits the TWS observation from the new temporal gravity field model, HUST-Grace2016 (Huazhong University of Science and Technology), which is developed by a new low-frequency noise processing strategy. A novel GRACE (Gravity Recovery and Climate Experiment) post-processing approach is proposed to enhance the quality of the TWS estimate, and the improved TWS is used to characterize the drought and flood events over the YRB. The HUST-Grace2016-derived TWS presents good agreement with the CSR (Center for Space Research) mascon solution as well as the PCR-GLOBWB (PCRaster Global Water Balance) hydrological model. Particularly, our solution provides remarkable performance in identifying the extreme climate events e.g., flood and drought over the YRB and its sub-basins. The comparison between GRACE-derived TWS variations and the MODIS-derived (Moderate Resolution Imaging Spectroradiometer) inundated area variations is then conducted. The analysis demonstrates that the terrestrial reflectance data can provide an alternative way of cross-comparing and validating TWS information in Poyang Lake and Dongting Lake, with a correlation coefficient of 0.77 and 0.70, respectively. In contrast, the correlation is only 0.10 for Tai Lake, indicating the limitation of cross-comparison between MODIS and GRACE data. In addition, for the first time, the NCEP/NCAR (National Centers for Environmental Prediction/National Center for Atmospheric Research) vertical velocity data is incorporated with GRACE TWS in the exploration of the climate-induced hydrological activities. The good agreement between non-seasonal NCEP/NCAR vertical velocities and non-seasonal GRACE TWSs is found in flood years
Study Region and Data Processing

Study Region
The YRB can be divided into 11 sub basins (Figure 1 ). Seven of them are located along the tributaries of the Yangtze River: Jinsha River Basin, Minjiang River Basin, Jialing River Basin, Hanjiang River Basin, Wujiang River Basin, Dongting Lake Basin and Poyang Lake Basin. The other four sub-basins are located along the mainstream of Yangtze River: Upstream Basin, Midstream Basin, Downstream Basin and Delta Plain Basin. For clarity, UMDD is used below to represent the group of these four sub-basins in this study. The three largest freshwater lakes in China are also located in the YRB: Poyang Lake, Dongting Lake and Tai Lake. MODIS observations were used to assess their inundated area variations in Section 3.2. The YRB has a subtropical monsoon climate, with an annual precipitation of approximately 1067 mm. It is characterized by a rainy period between April and September, and a dry period between October and March. Due to the vast territory, complicated topography and typical monsoon climate, the spatial and temporal distributions of annual precipitation and rainstorms are heterogeneous over the YRB. Therefore, in addition to the whole YRB, the flood and drought events that occurred in its sub-basins were also investigated in this study. For clarity, the four sub-basins (Jinsha River Basin, Minjiang River Basin, Jialing River Basin and Wujiang River Basin), located in the west YRB, are called WYRB. The remaining sub basins, which locate at the east of the YRB, are called EYRB in this study.
Data and Data Processing
GRACE Data
The new temporal gravity model HUST-Grace2016 (Huazhong University of Science and Technology, Wuhan, Hubei, China), which was developed by a new low-frequency noise processing strategy, was used to compute TWS variations over the YRB. The processing strategy has been explicitly described in Zhou et al. [12] . The new model has been uploaded to the website of International Centre for Global Earth Models (ICGEM, http://icgem.gfz-potsdam.de/home). To validate HUST-Grace2016, the RL05 models provided by the CSR, GFZ and JPL were exploited. Meanwhile, the ensemble model, which was developed using three RL05 models, was also used to assess the performance of our new HUST-Grace2016 model [13, 14] . These models come in the form The YRB has a subtropical monsoon climate, with an annual precipitation of approximately 1067 mm. It is characterized by a rainy period between April and September, and a dry period between October and March. Due to the vast territory, complicated topography and typical monsoon climate, the spatial and temporal distributions of annual precipitation and rainstorms are heterogeneous over the YRB. Therefore, in addition to the whole YRB, the flood and drought events that occurred in its sub-basins were also investigated in this study. For clarity, the four sub-basins (Jinsha River Basin, Minjiang River Basin, Jialing River Basin and Wujiang River Basin), located in the west YRB, are called WYRB. The remaining sub basins, which locate at the east of the YRB, are called EYRB in this study.
Data and Data Processing
GRACE Data
The new temporal gravity model HUST-Grace2016 (Huazhong University of Science and Technology, Wuhan, Hubei, China), which was developed by a new low-frequency noise processing strategy, was used to compute TWS variations over the YRB. The processing strategy has been explicitly described in Zhou et al. [12] . The new model has been uploaded to the website of International Centre for Global Earth Models (ICGEM, http://icgem.gfz-potsdam.de/home). To validate HUST-Grace2016, the RL05 models provided by the CSR, GFZ and JPL were exploited. Meanwhile, the ensemble model, which was developed using three RL05 models, was also used to assess the performance of our new Remote Sens. 2017, 9, 1100 4 of 19 HUST-Grace2016 model [13, 14] . These models come in the form of SHCs up to degree and order 60, corresponding to a spatial resolution of about 330 km. Since the low degree coefficients cannot be determined reliably by the GRACE mission, they were treated in the following ways: degree-1 coefficients were replaced by the values provided by Swenson et al. [27] , and degree-2 zonal time series were replaced by a set of satellite laser ranging data [28] . Two different filters were applied to alleviate the effects of the high-frequency errors inherent to the GRACE temporal gravity field models: a Gaussian filter with a radius of 300 km [29] , and a de-correlation filter from order six with a three order polynomial (P3M6) [30] . These filters would cause signal leak into adjacent areas, called leakage error. To mitigate these leakage errors, the forward-modeling method was used.
The forward-modeling method was implemented as follows: (1) the input was the 'filtered reference TWS', which was computed by applying a 300 km Gaussian filter and a P3M6 de-correlation filter; it was then set as 'candidate TWS' in the first iteration; (2) the 'candidate TWS' was assigned uniformly over the ocean. It was the opposite value of the mean TWS over land. After that, the 'candidate TWS' was converted to SHCs; (3) after applying a 300 km Gaussian filter, the 'filtered candidate TWS' was computed; (4) the 'TWS increment' was computed as the difference between the 'filtered reference TWS' and 'filtered candidate TWS'; (5) if the 'TWS increment' of each grid was smaller than the threshold (0.5 cm in this study), stopped at this iteration; otherwise, the 'candidate TWS' was set as the sum of the 'filtered candidate TWS' and 'TWS increment', and steps (2)- (5) were repeated. More details about the forward-modeling method can also be found in [16, 31] .
The forward-modeling method does not rely on external data. It has been validated in Greenland [31, 32] , Northwest India [33] , West Antarctica [34] and Tonle Sap Basin [16] . To assess its efficiency in the YRB, the CSR RL05 mascon solution and GRACE Tellus monthly mass grids were introduced for comparison. The CSR RL05 mascon solution was purely computed by GRACE data, which is independent of external data [35] . In contrast, the scale factors of the GRACE Tellus monthly mass grids were computed by applying the same filters applied to the GRACE data to a numerical land-hydrology model (NCAR's CLM4) [30, 36] . The period of those models covers from January 2003 to March 2016. Note that large increases in TWS variation can be seen in the YRB [37] . However, the linear trends of the TWS variations are mainly sensitive to non-meteorological phenomena or possibly associated with decadal fluctuations in land hydrology [2] , which is not the interest in this study. Therefore, the linear trends of the GRACE-derived TWS time series were removed.
Hydrological Models
Two kinds of hydrological models were used in this study: PCR-GLOBWB [15] [16] [17] and GLDAS [18] . The PCR-GLOBWB model provides monthly TWS estimates as the sum of surface water, soil moisture and groundwater. For clarity, those water components of PCR-GLOBWB are respectively called PCR-GLOBWB (SW), PCR-GLOBWB (SM) and PCR-GLOBWB (GW) in this study. The monthly GLDAS-Noah model was exploited to validate the soil moisture component of PCR-GLOBWB. Note that the GLDAS-Noah model estimates the soil moisture of four layers: 0-10, 10-40, 40-100 and 100-200 cm. In contrast, the PCR-GLOBWB model estimates the soil moisture of two layers: 0-30 and 30-150 cm. The monthly TWS time series were constructed for the time interval between January 2003 and December 2016. The linear trends were also removed to highlight the seasonal variations for floods and droughts.
MODIS Data
MYD09A1 is the eight-day land surface reflectance product from the MODIS Aqua satellite [38] , with a spatial resolution of 500 m. It provides seven frequency bands of surface reflectance: 620-670, 841-876, 459-479, 545-565, 1230-1250, 1628-1652 and 2105-2155 nm. The combination of the green band (545-565 nm) and the near infrared (NIR) band (841-876 nm) can efficiently identify the open water bodies in the continent. Therefore, it was exploited to estimate the inundated area variations of Dongting Lake, Poyang Lake and Tai Lake. According to the location of these lakes, the MYD09A1 Remote Sens. 2017, 9, 1100 5 of 19 tiles of h27v05, h27v06, h28v05 and h28v06 were selected. Note that the quality control flags were used to mask the pixels flagged with cloud cover or to fill values in these tiles. In this study, the normalized difference water index (NDWI) was used [39] ,
The positive NDWI represents an open water body. Since the MYD09A1 product provides the data in the sinusoidal projection (an equal-area map projection), the inundated area of each lake can be estimated by counting the pixels with positive NDWIs. The area of each pixel is 0.25 km 2 . The monthly time series of inundated areas were then obtained by averaging the eight-day results.
TRMM Data
The latest released TRMM (Tropical Rainfall Measuring Mission) data 3B43 Version 7 was used in this study [40] . It provides monthly precipitation estimates from 50 • S to 50 • N, with a spatial resolution of 0.25 degrees. In addition to estimating the precipitation variations over the YRB, it was also compared with the NCEP/NCAR reanalysis data, which may be helpful to explore the probable inducements of flood and drought events.
NCEP/NCAR Reanalysis Data
The NCEP/NCAR reanalysis dataset is a comprehensive dataset with various atmospheric elements [26] . It is derived from the almost perfect database of various observations (ground, ships, aircraft, radiosonde balloon, satellite, etc.). Therefore, the NCEP/NCAR reanalysis dataset has been widely used in meteorology. In this study, for the first time, the NCEP/NCAR vertical velocity data was compared with GRACE in the exploration of climate-induced hydrological activities.
The NCEP/NCAR dataset 'omega.mon.eman.nc' provides the monthly mean vertical velocity at 12 pressure layers. Among these pressure layers, the 500 hPa layer belongs to the middle and upper atmospheric layer, and many weather processes have large or small prints at this level, which can be used to predict future weather changes more accurately. In other words, the 500 hPa layer is one of the most effective layers for diagnosing the deep synoptic system. For these reasons, the vertical velocity at 500 hPa was selected in this study. For clarity, the data was transformed from Pascal/s to m/s at first. To obtain the non-seasonal anomalies, the mean values between 1971 and 2000 were then removed. In addition, the NCEP/NCAR dataset 'pr_wtr.mon.mean.nc' was also used. It provides the monthly mean precipitable water for the entire atmospheric column.
Results and Discussion
TWS Variations Over the YRB
TWS Derived from Hydrological Models
The monthly TWS variations derived from two hydrological models are shown in Figure 2 . According to Section 2.2.2, the GLDAS model estimates the soil moisture variations between 0 and 200 cm, while the PCR-GLOBWB (SM) model represents the variations between 0 and 150 cm. Although recording soil moisture with a different thickness, as shown in the top panel of Figure 2 , the TWSs derived from the GLDAS model present great agreement with those derived from the PCR-GLOBWB (SM) model, with a correlation coefficient of 0.84. Furthermore, to analyze the relative magnitude of the GLDAS model and the PCR-GLOBWB (SM) model, the Nash-Sutcliffe efficiency (NSE) was also computed [41] . The NSE value is 0.71, which can be viewed as an acceptable level of performance. The correlation coefficient and NSE value can justify the usage of the PCR-GLOBWB (SM) model to assess the soil moisture variations over the YRB. The TWS variations of different water components over the YRB were computed from PCR-GLOBWB. As shown in the bottom panel of Figure 2 , there is a very clear seasonal variation for each water component. The water surpluses can be detected in 2010 and 2016, and water deficits can be observed in 2006, 2011 and 2013. The result is inconsistent with the recent findings over the YRB [2, 3, 42] , indicating the flood and drought events in corresponding years. By the way, as shown in the top panel of Figure 2 , the differences between the GLDAS and PCR-GLOBWB (SM) can be also seen in 2006 and 2011. This is likely due to the drought events in these years, while more crosscomparisons are needed to verify this assumption in the future.
The PCR-GLOBWB TWSs fluctuated with a range of approximately ±8 cm, while the amplitude of each water component only reached approximately ±4 cm. To assess the role of the individual storages in the TWS variations, the contribution percentage of each water component ( w ) was computed as [16] The result shows that groundwater contributes 25.0% to the TWS variations over the YRB, while the soil moisture is the major contributor (49.0%). The remaining contribution is the surface water, with a percentage of 26.0%. An obvious phase lag can be observed between PCR-GLOBWB (GW) and other water components. The correlation coefficient between PCR-GLOBWB (GW) and PCR-GLOBWB over YRB is 0.81. After moving the TWS of PCR-GLOBWB back for one month, the correlation coefficient reached up to 0.88. This can be explained as being due to the fact that several weeks are needed to transfer waters from surface and soil to groundwater, and vice versa. In addition, the correlation coefficients for PCR-GLOBWB (SW) and PCR-GLOBWB (SM) are 0.95 and 0.93, respectively. Although with different contribution percentages, such strong correlations indicate the close connection between individual water components and the total TWS over the YRB.
To assess the individual water component in the YRB sub-basins, the contribution percentages and correlation coefficients of each water component were computed (see Table 1 ). In terms of contribution percentage, groundwater contributes approximately 20.0% to each sub-basin. It varies considerably for surface water, from 7.3% to 13.5% in the WYRB (Jinsha River Basin, Minjiang River Figure 2 , the differences between the GLDAS and PCR-GLOBWB (SM) can be also seen in 2006 and 2011. This is likely due to the drought events in these years, while more cross-comparisons are needed to verify this assumption in the future.
The PCR-GLOBWB TWSs fluctuated with a range of approximately ±8 cm, while the amplitude of each water component only reached approximately ±4 cm. To assess the role of the individual storages in the TWS variations, the contribution percentage of each water component (w) was computed as [16] 
where W i and TWS i are the individual water components and TWS variations estimated at month i, and N is the total observation period. The result shows that groundwater contributes 25.0% to the TWS variations over the YRB, while the soil moisture is the major contributor (49.0%). The remaining contribution is the surface water, with a percentage of 26.0%. An obvious phase lag can be observed between PCR-GLOBWB (GW) and other water components. The correlation coefficient between PCR-GLOBWB (GW) and PCR-GLOBWB over YRB is 0.81. After moving the TWS of PCR-GLOBWB back for one month, the correlation coefficient reached up to 0.88. This can be explained as being due to the fact that several weeks are needed to transfer waters from surface and soil to groundwater, and vice versa. In addition, the correlation coefficients for PCR-GLOBWB (SW) and PCR-GLOBWB (SM) are 0.95 and 0.93, respectively. Although with different contribution percentages, such strong correlations indicate the close connection between individual water components and the total TWS over the YRB.
To assess the individual water component in the YRB sub-basins, the contribution percentages and correlation coefficients of each water component were computed (see Table 1 ). In terms of contribution percentage, groundwater contributes approximately 20.0% to each sub-basin. It varies considerably for surface water, from 7.3% to 13.5% in the WYRB (Jinsha River Basin, Minjiang River Basin, Jialin River Basin and Wujiang River Basin), and from 21.9% to 57.0% in the EYRB (Hanjiang River Basin, Dongting Lake Basin, Poyang Lake Basin and UMDD). The correlation coefficients between PCR-GLOBWB (SW) and PCR-GLOBWB are all over 0.90, except in the Wujiang River Basin. Note that strong correlations can be found over Dongting Lake Basin and Poyang Lake Basin. It likely justifies the usage of MODIS reflectance data for the cross-comparison of TWS variations over these basins. 
TWS Derived from the HUST-Grace2016 Model
To assess the performance of our HUST-Grace2016 model, the TWS variations over the YRB were computed. They were compared with those computed from CSR RL05, GFZ RL05 and JPL RL05. As shown in the top panel of Figure 3 , after applying a Gaussian filter with a 300 km radius, although not identical, the results derived from HUST-Grace2016 agree extremely well with those derived from the three RL05 models. The correlation coefficients between the HUST-Grace2016 and three RL05 models reached up to 0.95, 0.93 and 0.94. In contrast, after applying a de-correlation filter (P3M6, see the bottom panel of Figure 3 ), the correlation coefficients increase to 0.96, 0.95 and 0.95. Note that the biggest discrepancies can be found in September 2004, in which the ground track is not dense enough [43, 44] .
To quantify the performance of HUST-Grace2016, Table 2 summarizes the annual amplitude and annual phase of the TWS time series derived from different temporal gravity field models. The results show good consistency, with a discrepancy smaller than 0.1 cm for annual amplitude and 0.1 month for annual phase. According to the discussions, the performance of HUST-Grace2016 is in great accordance with CSR RL05, GFZ RL05 and JPL RL05 over the YRB. Meanwhile, the ensemble model computed using three RL05 models was also used to compute the TWSs over the YRB. As shown in Table 2 , again, good agreement between HUST-Grace2016 and the ensemble model was found with a similar annual amplitude and annual phase. Therefore, our HUST-Grace2016 model was used to quantify the TWS variations over the YRB in this study.
After smoothing by the combined filter (Gauss 300 km and P3M6 de-correlation), the mean annual amplitude decreased from 3.21 cm to 2.96 cm (see Table 2 ). This indicates that the signal smoothing is accompanied by signal attenuation. This phenomenon is more obvious in Figure 4a ,b: there are obvious stripe errors after applying a 300 km Gaussian filter; after smoothing by combined filter, the stripe errors were mitigated, while the temporal signals were also attenuated. To solve this problem, the forward-modeling method was exploited. As shown in Figure 4c , the forward-modeling method weakened the stripe errors, and gathered the temporal signals along the main stream of the Yangtze River.
not identical, the results derived from HUST-Grace2016 agree extremely well with those derived from the three RL05 models. The correlation coefficients between the HUST-Grace2016 and three RL05 models reached up to 0.95, 0.93 and 0.94. In contrast, after applying a de-correlation filter (P3M6, see the bottom panel of Figure 3 ), the correlation coefficients increase to 0.96, 0.95 and 0.95. Note that the biggest discrepancies can be found in September 2004, in which the ground track is not dense enough [43, 44] . To quantify the performance of HUST-Grace2016, Table 2 summarizes the annual amplitude and annual phase of the TWS time series derived from different temporal gravity field models. The results show good consistency, with a discrepancy smaller than 0.1 cm for annual amplitude and 0.1 month for annual phase. According to the discussions, the performance of HUST-Grace2016 is in great accordance with CSR RL05, GFZ RL05 and JPL RL05 over the YRB. Meanwhile, the ensemble model computed using three RL05 models was also used to compute the TWSs over the YRB. As shown in Table 2 , again, good agreement between HUST-Grace2016 and the ensemble model was found with a similar annual amplitude and annual phase. Therefore, our HUST-Grace2016 model was used to quantify the TWS variations over the YRB in this study. After smoothing by the combined filter (Gauss 300 km and P3M6 de-correlation), the mean annual amplitude decreased from 3.21 cm to 2.96 cm (see Table 2 ). This indicates that the signal smoothing is accompanied by signal attenuation. This phenomenon is more obvious in Figure 4a ,b: there are obvious stripe errors after applying a 300 km Gaussian filter; after smoothing by combined filter, the stripe errors were mitigated, while the temporal signals were also attenuated. To solve this problem, the forward-modeling method was exploited. As shown in Figure 4c , the forward-modeling method weakened the stripe errors, and gathered the temporal signals along the main stream of the Yangtze River. As the forward-modeling method is independent from the hydrological model or external data, agreement with an independent GRACE solution or a hydrological model can provide some confidence in the GRACE TWS estimation. For this reason, the TWSs derived from the CSR RL05 mascon grids and the PCR-GLOBWB model are also presented in Figure 4d ,e. Although not identical, the results after forward-modeling matched the PCR-GLOBWB model better than that of the CSRMascon. The correlation coefficient with respect to the PCR-GLOBWB model also supported this conclusion, which is 0.58 for HUST-Grace2016 after forward-modeling, and 0.51 for the CSR mascon grids. Furthermore, the correlation coefficient of the TWSs between PCR-GLOBWB and HUST- As the forward-modeling method is independent from the hydrological model or external data, agreement with an independent GRACE solution or a hydrological model can provide some confidence Remote Sens. 2017, 9, 1100 9 of 19 in the GRACE TWS estimation. For this reason, the TWSs derived from the CSR RL05 mascon grids and the PCR-GLOBWB model are also presented in Figure 4d ,e. Although not identical, the results after forward-modeling matched the PCR-GLOBWB model better than that of the CSR-Mascon. The correlation coefficient with respect to the PCR-GLOBWB model also supported this conclusion, which is 0.58 for HUST-Grace2016 after forward-modeling, and 0.51 for the CSR mascon grids. Furthermore, the correlation coefficient of the TWSs between PCR-GLOBWB and HUST-Grace2016 after applying a 300 km Gaussian filter (or combined filter) was only 0.33 (or 0.37). This also implicates the outstanding performance of the forward-modeling method over the YRB.
Additionally, comparisons of TWS estimates for the entire time span (between January 2003 and December 2016) were implemented. The top panel of Figure 5 shows the TWS variations derived from different GRACE solutions. Before forward-modeling, the TWSs varied between ±5 cm. After forward-modeling, the leakage errors were mitigated and the temporal signals were more concentrated. As a result, the variation range of corresponding TWSs extended to ±10 cm. Again, although not identical, the TWS variations after forward-modeling present better agreement with CSR mascon grids and the PCR-GLOBWB model. In addition, Table 3 summarizes the results of the TWS variations derived from various GRACE solutions. The values of annual amplitude, annual phase, correlation coefficients and RMS differences with respect to PCR-GLOBWB also demonstrate that, after forward-modeling, the TWS ('HUST After FM' in Table 3 ) matches best to that of the PCR-GLOBWB model.
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Non-Seasonal TWS Variations Over Sub-Basins
To characterize the flood activity over the YRB, the TWS variations and non-seasonal TWS variations over each sub-basin were computed. In terms of TWS variations, as shown in Table 4 , the correlation coefficients indicate good agreement between the PCR-GLOBWB model and HUST-Grace2016 after forward-modeling. After removing the seasonal signals, the GRACE-derived non-seasonal TWS variations still presented strong correlations with those derived from PCR-GLOBWB (all larger than 0.60). The strong correlations provide some confidence in characterizing the flood and drought events over each sub-basin with GRACE-derived non-seasonal TWS variations. Figure 6 shows the GRACE-derived non-seasonal TWS variations for the sub-basins. The left four panels present the results for the WYRB, and the right four panels presents those for the EYRB.
Generally, the amplitude of non-seasonal signals in the EYRB is bigger than those in the WYRB. This is also likely the reason that the correlation coefficients of non-seasonal TWS variations in the EYRB are generally bigger than those in the WYRB (see Table 4 ). As shown in Figure 6 , the negative non-seasonal TWS variations in 2011 can be found in almost every sub-basin. It is likely that a drought event occurred over the whole YRB in this year. For clarity, we named this kind of event a 'universal' event. Similarly, these 'universal' drought events can be found in 2006 and 2013. In contrast, the situation in 2004 is special: negative TWSs can be found in four sub-basins (Wujiang River Basin, Dongting Lake Basin, Poyang Lake Basin and UMDD), and obvious positive TWSs were seen in three sub-basins (Minjiang River Basin, Jialing River Basin and Hanjiang River Basin).As the negative signals are stronger than the positive signals, the negative TWSs can be found by averaging the TWSs over the whole YRB (see the bottom panel Figure 5 ). This indicates a likely 'regional' drought event in 2004.
Likewise, 'universal' flood events can be detected in 2010 and 2012. 'Regional' flood events can be observed in 2003: positive TWSs can be seen in four sub-basins (Wujiang River Basin, Dongting Lake Basin, Poyang Lake Basin and UMDD), and negative TWSs can be observed in four other subbasins (Jinsha River Basin, Minjiang River Basin, Jialing River Basin and Hanjiang River Basin). Note that in the non-seasonal TWS derived from PCR-GLOBWB, 'universal' flood events can be also detected in 2016 (not shown).
MODIS-Derived Inundated Area Variations
Based on eight-day NDWI values calculated from the MODIS surface reflectance data, the monthly averaged inundated areas of Dongting Lake are shown in Figure 7 . Here, only the values in January (representing the dry season) and July (representing the rainy season) between 2008 and 2016 are displayed. In January, the lake is divided into several segments, and the narrow water channel cannot connect these lake segments. In contrast, the lake is always connected in July, and there is a sharp increase in terms of the inundated area over the northeast of Dongting Lake. The results demonstrate dramatic variations between the dry season and rainy season. Additionally, comparing the inundated area in July, the three largest flood extents can be found in 2016, 2010 and 2012, demonstrating that there were flood events in these years. Areas with limited inundation are seen in 2011 and 2013. It is likely that these two years suffered some degree of drought event. As shown in Figure 6 , the negative non-seasonal TWS variations in 2011 can be found in almost every sub-basin. It is likely that a drought event occurred over the whole YRB in this year. For clarity, we named this kind of event a 'universal' event. Similarly, these 'universal' drought events can be found in 2006 and 2013. In contrast, the situation in 2004 is special: negative TWSs can be found in four sub-basins (Wujiang River Basin, Dongting Lake Basin, Poyang Lake Basin and UMDD), and obvious positive TWSs were seen in three sub-basins (Minjiang River Basin, Jialing River Basin and Hanjiang River Basin).As the negative signals are stronger than the positive signals, the negative TWSs can be found by averaging the TWSs over the whole YRB (see the bottom panel Figure 5 ). This indicates a likely 'regional' drought event in 2004.
Likewise, 'universal' flood events can be detected in 2010 and 2012. 'Regional' flood events can be observed in 2003: positive TWSs can be seen in four sub-basins (Wujiang River Basin, Dongting Lake Basin, Poyang Lake Basin and UMDD), and negative TWSs can be observed in four other sub-basins (Jinsha River Basin, Minjiang River Basin, Jialing River Basin and Hanjiang River Basin). Note that in the non-seasonal TWS derived from PCR-GLOBWB, 'universal' flood events can be also detected in 2016 (not shown).
Based on eight-day NDWI values calculated from the MODIS surface reflectance data, the monthly averaged inundated areas of Dongting Lake are shown in Figure 7 . Here, only the values in January (representing the dry season) and July (representing the rainy season) between 2008 and 2016 are displayed. In January, the lake is divided into several segments, and the narrow water channel cannot connect these lake segments. In contrast, the lake is always connected in July, and there is a sharp increase in terms of the inundated area over the northeast of Dongting Lake. The results demonstrate dramatic variations between the dry season and rainy season. Additionally, comparing the inundated area in July, the three largest flood extents can be found in 2016, 2010 and 2012, demonstrating that there were flood events in these years. Areas with limited inundation are seen in 2011 and 2013. It is likely that these two years suffered some degree of drought event. To quantify the inundated area variations of Dongting Lake, Figure 8 shows the monthly maximum, minimum and mean values between 2003 and 2016. In the rainy season, the mean inundated areas are larger than 1000 km 2 and sometimes reach 2000 km 2 or more. In contrast, they are smaller than 1000 km 2 in the dry season. Clearly, there is significant variability in both intramonth, intra-season and inter-annual terms. For each climatological month, Table 5 summarizes the occurrence year of the maximum and minimum inundated areas. The monthly maximum in January and February is one to two times smaller than that of June and July. Likewise, a similar situation can be seen in terms of monthly minimum values. In addition, the ratio between the maximum and minimum values varies from 1.99 to 8.18, which also indicates the inter-annual variability for each climatological month. Note that the largest ratio (8.18) is seen in June, when the flood event occurred in 2016, while drought events occurred in 2011. Meanwhile, as listed in Table 5 , the major occurrence years of the minimum inundated areas are seen in 2006 (four times) and 2011 (three times). It demonstrates that drought To quantify the inundated area variations of Dongting Lake, Figure 8 shows the monthly maximum, minimum and mean values between 2003 and 2016. In the rainy season, the mean inundated areas are larger than 1000 km 2 and sometimes reach 2000 km 2 or more. In contrast, they are smaller than 1000 km 2 in the dry season. Clearly, there is significant variability in both intra-month, intra-season and inter-annual terms. To quantify the inundated area variations of Dongting Lake, Figure 8 shows the monthly maximum, minimum and mean values between 2003 and 2016. In the rainy season, the mean inundated areas are larger than 1000 km 2 and sometimes reach 2000 km 2 or more. In contrast, they are smaller than 1000 km 2 in the dry season. Clearly, there is significant variability in both intramonth, intra-season and inter-annual terms. For each climatological month, Table 5 summarizes the occurrence year of the maximum and minimum inundated areas. The monthly maximum in January and February is one to two times smaller than that of June and July. Likewise, a similar situation can be seen in terms of monthly minimum values. In addition, the ratio between the maximum and minimum values varies from 1.99 to 8.18, which also indicates the inter-annual variability for each climatological month. Note that the largest ratio (8.18) is seen in June, when the flood event occurred in 2016, while drought events occurred in 2011. Meanwhile, as listed in Table 5 , the major occurrence years of the minimum inundated areas are seen in 2006 (four times) and 2011 (three times). It demonstrates that drought For each climatological month, Table 5 summarizes the occurrence year of the maximum and minimum inundated areas. The monthly maximum in January and February is one to two times smaller than that of June and July. Likewise, a similar situation can be seen in terms of monthly minimum values. In addition, the ratio between the maximum and minimum values varies from 1.99 to 8.18, which also indicates the inter-annual variability for each climatological month. Note that the largest The inundated area variations for Dongting Lake agree well with the GRACE-derived TWS variations for the Dong Lake Basin, with a correlation coefficient of 0.70 (see the top panel of Figure 9 ). A similarity between the inundated area variations and the TWS variations derived from the PCR-GLOBWB model was also observed, with a correlation coefficient of 0.72. Additionally, the inter-annual variations of Poyang Lake, in terms of inundated areas and TWSs, are also presented in Figure 9 . Good agreement was also observed between inundated area variations and TWS variations derived from GRACE and PCR-GLOBWB, with a correlation coefficient of 0.77 and 0.66, respectively. Note that the area of Dongting Lake is much smaller than that of the Dongting Lake Basin. Why do the lake-averaged MODIS inundated area variations present strong correlations with the basin-averaged GRACE TWS variations? It can be explained as follows: (1) As shown in Figure 1 , Dongting Lake gathers waters from Yuanjiang River and Xiangjiang River, and these two rivers flow through almost the whole basin. For this reason, the GRACE-derived TWS in Dongting Lake likely presents similar characteristics to the average for the whole basin. (2) Meanwhile, as shown in Table 1 , a strong correlation (0.93) was found between surface water components and TWS in the Dongting River Basin. (3) Therefore, although only the inundated area of Dongting Lake is used, it still presents a strong correlation with the basin-averaged GRACE TWS estimates. Likewise, the discussion of Dongting Lake is also helpful to explain the strong correlation in Poyang Lake, which gathers waters from Ganjiang River. Additionally, a good counter-example is Tai Lake, which is isolated from all tributaries of the Yangtze River (see Figure 1) . In this lake, the MODIS-based estimates of the inundated area present poor correlation (0.10) with the GRACE TWS estimates in the Delta Plain Basin (not shown). In addition, the similar results in terms of altimetry-derived TWS also support our conclusion [45] . value in July between 2003 and 2016. Likewise, the top two peak values can be found in TWS variations derived from PCR-GLOBWB: 25.0 cm in July 2016 and 18.0 cm in July 2010. Note that GRACE-derived TWS only covers from January 2003 to March 2016. The largest value was observed in 2010: 16.6 cm in July 2010. Strong correlations were observed between the GRACE-derived TWS variations and the MODIS-derived inundated area variations, this likely implies that the severest flood can also be detected in 2016 by the GRACE-type mission. Note that the area of Dongting Lake is much smaller than that of the Dongting Lake Basin. Why do the lake-averaged MODIS inundated area variations present strong correlations with the basinaveraged GRACE TWS variations? It can be explained as follows: (1) As shown in Figure 1 , Dongting Lake gathers waters from Yuanjiang River and Xiangjiang River, and these two rivers flow through almost the whole basin. For this reason, the GRACE-derived TWS in Dongting Lake likely presents similar characteristics to the average for the whole basin. (2) Meanwhile, as shown in Table 1 , a strong correlation (0.93) was found between surface water components and TWS in the Dongting River Basin. (3) Therefore, although only the inundated area of Dongting Lake is used, it still presents a strong correlation with the basin-averaged GRACE TWS estimates. Likewise, the discussion of Dongting Lake is also helpful to explain the strong correlation in Poyang Lake, which gathers waters from Ganjiang River. Additionally, a good counter-example is Tai Lake, which is isolated from all tributaries of the Yangtze River (see Figure 1) . In this lake, the MODIS-based estimates of the inundated area present poor correlation (0.10) with the GRACE TWS estimates in the Delta Plain Basin (not shown). In addition, the similar results in terms of altimetry-derived TWS also support our conclusion [45] . 
NCEP/NCAR Vertical Velocity
In meteorology, convection primarily refers to atmospheric vertical motion. The NCEP/NCAR vertical velocity data, which quantifies this motion, is always used to analyze the climatological rainfall [46, 47] . As discussed in Section 3.1.1, the surface water component, which is sensitive to precipitation, has a strong correlation with PCR-GLOBWB TWS. Meanwhile, GRACE-derived TWS presents a strong correlation with that of the PCR-GLOBWB model. For these reasons, the GRACE-derived TWS was compared with the NCEP/NCAR vertical velocity data, which may improve the understanding of the climate-induced hydrological activities.
As shown in Figure 10 , the precipitable water seemingly correlates to the topography: >50 kg/m 2 of precipitable waters are seen in the YRB, except for the areas with >2000 m elevation. Interestingly, regardless of the flood year (2010 and 2012) or the drought year (2011), there is slight difference for the precipitable waters over the YRB. However, the precipitation, which is derived from TRMM data, seems surplus in 2010 or 2012, and deficit in 2011. Likewise, surplus vertical velocities were seen in 2010 and 2012, while deficit vertical velocities were observed in 2011. Note that the majority of the differences in terms of precipitation and vertical velocity were detected in the Dongting Lake Basin and Poyang Lake Basin, where large positive and negative TWS anomalies are also observed (see Figure 6 ). the precipitable waters over the YRB. However, the precipitation, which is derived from TRMM data, seems surplus in 2010 or 2012, and deficit in 2011. Likewise, surplus vertical velocities were seen in 2010 and 2012, while deficit vertical velocities were observed in 2011. Note that the majority of the differences in terms of precipitation and vertical velocity were detected in the Dongting Lake Basin and Poyang Lake Basin, where large positive and negative TWS anomalies are also observed (see Figure 6 ). Based on the points discussed above, it is likely that the vertical velocity anomaly is one of the reasons for the hydrological activities over the YRB. To verify this assumption, the monthly nonseasonal GRACE-derived TWS was compared with monthly non-seasonal vertical velocity in the Based on the points discussed above, it is likely that the vertical velocity anomaly is one of the reasons for the hydrological activities over the YRB. To verify this assumption, the monthly non-seasonal GRACE-derived TWS was compared with monthly non-seasonal vertical velocity in the YRB (Figure 11 ). The correlation coefficient between these two time series is 0.34. Such a positive correlation is an implication that vertical velocity can be used to analyze the monthly hydrological activities over the YRB. Specifically, positive anomalies for the GRACE-derived TWS and vertical velocity were seen during the 'universal' flood periods (2010, 2012 and 2016) . In contrast, negative values for the non-seasonal TWS and non-seasonal vertical velocity were observed during the 'universal' drought events (2006, 2011 and 2013) . Here, a brief discussion tries to analyze the relationship between the vertical velocity variations and the GRACE-derived TWS variations as follows: (1) a strong positive vertical velocity represents an upward thermal, and it heats the overlying air, which gradually becomes less dense than the surrounding air; (2) the warmer and less dense water evaporates, and rises into the drier and colder air in the middle atmosphere; (3) the thermal is cooled and water vapor is condensed, forming a small cloud or steam; (4) the cumulated clouds or steam facilitates rainfall; (5) following continuous rainfall, flood events occur, and it can be observed as a positive GRACE-derived TWS anomaly. Likewise, the 'universal' drought events can be explained by the continuous negative non-seasonal vertical velocities. Furthermore, as the precipitation derived from TRMM is commonly used for a better understanding of the processes responsible for the observed TWS variations [7, 16, 48, 49] , a cross-comparison was also implemented between GRACE-derived TWS, TRMM-derived precipitation and NCEP/NCAR-derived vertical velocity. As shown in Figure 11 , the consistency between the non-seasonal values can also be seen during the 'universal' drought and flood events. Specifically, the correlation coefficients between non-seasonal TWS and non-seasonal precipitation reached up to 0.71, indicating that TWS variations follow the precipitation variations over the YRB.
responsible for the observed TWS variations [7, 16, 48, 49] , a cross-comparison was also implemented between GRACE-derived TWS, TRMM-derived precipitation and NCEP/NCAR-derived vertical velocity. As shown in Figure 11 , the consistency between the non-seasonal values can also be seen during the 'universal' drought and flood events. Specifically, the correlation coefficients between non-seasonal TWS and non-seasonal precipitation reached up to 0.71, indicating that TWS variations follow the precipitation variations over the YRB. 
Summary and Conclusions
In this study, the spatio-temporal characteristics of TWS variations over the YRB and its sub-basins were investigated using a new GRACE temporal gravity model, HUST-Grace2016, the PCR-GLOBWB hydrological model, MODIS reflectance data and NCEP/NCAR vertical velocity data.
In terms of TWS, the major focus was on GRACE-based estimates from HUST-Grace2016. After applying spatial filters, the TWS variations derived from HUST-Grace2016 agreed well with those derived from CSR RL05, GFZ RL05 and JPL RL05, as well as their ensemble model. The forward-modeling approach showed great potential in enhancing the quality of the GRACE TWS estimates over the YRB. After applying forward-modeling, the HUST-Grace2016 TWS estimates presented good agreement with CSR mascon grids as well as PCR-GLOBWB estimates. The GRACE TWSs and non-seasonal TWSs were then used to identify the flood events and drought events over the YRB. Additionally, to distinguish these hydrological activities, the non-seasonal TWS estimates over the sub-basins of the YRB were compared. As a result, the 'universal' floods (droughts) were found in 2010, 2012 and 2016 (2006, 2011 and 2013) , while a 'regional' flood was observed in 2003 (2004) .
The PCR-GLOBWB model covers almost all water components, indicating its potential in validating GRACE results. The agreement with the independent source PCR-GLOBWB model provided some confidence for the GRACE TWS estimation. Additionally, the PCR-GLOBWB model was used to estimate the contribution of each water component. As a result, the groundwater, soil moisture and surface water contributed 25.0%, 49.0% and 26.0% to the TWS variations over the YRB. Note that the situation is different for the WYRB and EYRB, in which the mean contribution percentage of surface water was approximately 11.1% and 34.1%, respectively.
The MODIS-derived inundated area also indicated its potential in characterizing hydrological activities over the YRB. For instance, the three largest inundated areas of Dongting Lake were found in the flood years (2016, 2010 and 2012) , demonstrating that these years suffered some degree of floods. Likewise, the limited inundated areas in July of 2011 and 2013 were an implication of drought events in these years. Additionally, the intra-month and inter-annual inundated area variations of Dongting Lake and Poyang Lake also showed their great potential in validating GRACE TWS estimates. However, Tai Lake was a counter-example, with a correlation coefficient of 0.1 between GRACE TWS estimates and MODIS estimates. It is likely that the usage of the MODIS-derived inundated area for the GRACE TWS validation is limited to the lakes which gather water throughout the river basin.
For the first time, the NCEP/NCAR vertical velocity data was incorporated with GRACE in the exploration of climate-induced hydrological activities. Good agreement was found between the non-seasonal GRACE TWS estimates and the non-seasonal vertical velocities, as well as non-seasonal TRMM-derived precipitation. This was further supported by the consistencies during the 'universal' flood and drought periods. The evidence shown in this study may contribute to the analysis of the mechanism of climate impact on the YRB. Additionally, the methods and datasets used here may be applied to other similar river basins to study the potential characteristics of their hydrological activities.
